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Abstract 
The study of the compaction of an asphalt mix is difficult due to the high number of variables and the non-linear nature of the 
relationships among them. This research was supported by an experiment in which, in addition to the survey of many 
environmental variables, a device for measuring electrical impedance has recorded the hot mix asphalt density during 
execution. Subsequently, the application of a clustering technique has allowed us to classify the most important variables in 
the definition of the phenomenon. 
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1. Introduction 
Compaction by means of rollers is the operation that bring the aggregates each other increasing so the density 
of a hot mix asphalt [1, 2, 3, 4, 5, 6]. Very often, when the compaction of the asphalt layers is inadequate, the 
pavement shows problems about plastic deformation, fatigue, incapability to withstand traffic loads, a less water 
resistance [7, 8, 9]. Recent technological advances in instruments and analytical models, more faithful to the real 
performance of the material on the road, have brought a greater awareness of the true complexity of the problem 
[10].  
As is well known, the compaction is oriented by the laboratory tests executed during the design phase [11, 12]. 
Furthermore, there are many variables that influence the phenomenon, generally related to the environment, to the 
hot mix asphalt and to construction operations. For this reason, in the last years researchers have studied with 
great interest automated procedures that manage operations on site in an optimal way and in accordance with the 
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economic constraints [13, 14]. 
Some priority issues were examined in details [15], as compaction temperature, dynamic characteristics of the 
rollers, care of vulnerable construction elements (joints, proximity to bridges and walls). At this regard, the 
temperature of the material is one of the most sensitive since, when it is low, the asphalt binder becomes more 
viscous and there is a quite difficulty to decrease air voids for a predetermined compactive effort. Below a certain 
threshold (called cessation temperature), in function of other mix properties, it is almost impossible to reduce air 
voids [7] and rollers can only improve the surface smoothness. At this purpose, it is important to know the initial 
temperature of the material in order to estimate the useful period to finish the operation before cessation 
temperature is reached.  
Some authors [16, 6, 17] have indicated the principal factors that can affect this cool-down rate as material 
density, pavement layer thermal conductivity, specific heat, convection coefficient, incident solar radiation and 
coefficients of emission and absorption of solar radiation for the pavement surface. Also some characteristics of 
the aggregates influence the easiness with which asphalt mixture can be rearranged under roller action and among 
them there are surface texture, particle shape and number of fractured faces. Of course, compaction energy should 
also be commensurate to the content of bitumen: if a low energy level cannot effectively thicken the material, an 
excess in the opposite direction may cause the shoving under roller loads [18]. As briefly reported suggests that 
there are many factors associated with the field operations that must be calibrated from job to job and complicate 
further the question. 
The study of compaction has been always dealt with through two different but necessary steps: the first one 
regards a theoretical approach and is based on models [19]; the second phase belongs to the experimental 
procedures necessary to validate the correctness of the first phase [20]. The ultimate aim is to predict with good 
reliability the density value in a brief time in order to be able to make eventual fine-tuning about some features. 
Traditional laboratory tests performed on core samples represent the best way to characterize the density of the 
material, but they are not be able to have the rapidity needed to maintain optimal the ratio performance-costs [21]. 
Tools to resolve these issues can reasonably be based on soft computing or artificial intelligence techniques 
such as fuzzy logic, neural networks and genetic algorithms. Of course, the soft computing approach is not always 
preferable to other methods. But it produces more realistic results when the number of variables involved is 
considerable [22] and, especially, when their non linear dependence would render other techniques not applicable 
[23, 24, 25, 26, 27, 28, 29]. Indeed, the use of probabilistic analysis is too complex because of many variables 
inside the context [30, 31, 32] and it is correct only when the reliability of all the components in a given period of 
time was measured and verified and the variance is sufficiently small [33]. Unfortunately, the phenomenon is 
complex and the sample is strongly inhomogeneous and presents high variability such as to produce very 
inaccurate final results [34]. 
1.1. The aim of the present research 
Therefore, the authors propose a fuzzy model that, starting from the acquisition of an opportune survey 
regarding some important factors [35, 36, 37, 38, 39], executed also with high-performance instruments like a 
non-nuclear density gauge, consents prediction of the material density.  
The complex links existing among the variables have directed the study towards the application of a preventive 
fuzzy clustering technique in order to calibrate rules and membership functions inside the model in a objective 
manner. The knowledge of the density in advance should permit to adjust some details in order to have the best 
performance of compaction with the minor cost of time and money [40, 41, 42, 43, 44]. 
2. Experimental procedures 
In the construction phase the passing of the rollers should thicken the material until the value required by the 
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designer. Unfortunately, there are only empiric relationship that permit to transfer compaction energy induced 
with laboratory tests to the asphalt material in real conditions, because of the uncertain regarding especially 
weight of the roller, number of passes, speed or dynamic characteristics (frequency and amplitude) of the roller, 
layer thickness, etc. The problem is usually solved by unloading some laying test by varying some variables, such 
as roller speed, number of passes, the vibration amplitude and frequency, length of paving, etc. In the layer so 
compacted, a few cores have to be extracted and carried in laboratory for measuring the density. The best result 
will indicate the ideal conditions for a proper compaction. 
This approach, although very simple, involves some diseconomies. First of all, the laying test will present 
some zones with densities below the prescribed limit that, therefore, must be demolished. The second drawback 
concerns the time and cost required to execute the temporary paving, to extract and test a certain number of cores 
within a certain time. The last negative aspect of this procedure is that the executor, on the basis of laboratory 
results, will set out certain factors in order to achieve the desired result, but without understanding which of these 
is actually more influent. 
In order to overcome these problems the present paper proposes a procedure based on a fuzzy model, built 
according to a recorded data set necessary to interpret correctly the rules and the membership functions. These 
operations, both the survey and the analysis, are carried out almost in real time and provide rapid information to 
the operator, thus eliminating all the disadvantages of the traditional methodology outlined first. The proposed 
procedure, as well, is very flexible: there are no constraints on the type of compacting equipment or work 
organization, nor on the size of the data set. At this stage of research, in order to verify the correctness of the 
methodology, the number of variables is quite small (7 input variables and 1 output) but the proposed technique 
lends itself to using a very large number of features and subsequent increases the size of database. Among the 
parameters measured, the density will be determined by means of a non-nuclear instrument. In particular, an 
electrical density gauge, like TransTech’s Pavement Quality Indicator (PQI), has been used to measure pavement 
compaction by means of its dielectric constant. The instrument introduces a weak current through the material, 
which creates an electrical sensing field. The output depends on the response of this electrical sensing field to 
changes in the pavement’s complex impedance (consisting of the pavement’s composite resistivity and dielectric 
constant). This response is then calibrated to pavement density. In this regard, a further aim of this research is to 
use an instrument, usually adopted only for the control as the PQI, also to support prediction analysis.  
Therefore, the features surveyed in situ during the execution of laying and included in the data set are: 
x Roller Speed in km/h (Sp). 
x Length of the lying in m (Le). 
x Time in seconds (Ti). It is relative to the elapsed time during the single pass and it is, therefore, a partial 
measure. 
x Progressive in seconds (Pr). It takes into account the cumulative time during all the passes up to the time of the 
record and it is, therefore, a progressive measure.  
x Passes number (Pa).  
x Water in % (Wa). It is the water needed to avoid the pick up on the drum of the hot material.  
x Material temperature in °C (Te_M).  
x Density of the compacted material in kg/m3 (J). 
Other parameters, although detected, because of their modest variability, were assumed constants (for example 
roller weight, air temperature, layer thickness) and will not be processed numerically in the later stages of the 
analysis. 
About soft computing techniques, the choice of the most correct procedure depends on the type of problem and 
on available data. Fuzzy models are best suited to decision making and control systems when the rules cannot be 
translated to hard mathematical formulae. These rules, by means a preventive procedure of clustering, are used to 
perform a logical, non-linear mapping between inputs and outputs, in the same way of a human decision-making 
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processes.  
The application of data mining or, more specifically of cluster analysis, in this paper is necessary to classify 
objects according to similarities among them in order to organize data into groups. The main characteristic of 
these techniques is to detect the underlying structure in data in order to recognize eventual hidden patterns. In 
particular, the fuzzy clustering approach, consists of a structure that permits objects to belong to several clusters 
simultaneously, with different degrees of membership. In this way, the analyst should avoid to catalog in a too 
much simplistic way certain phenomena within a single category when they have, instead, common characters to 
several classes, albeit with different degrees of membership. 
2.1. Brief notes about fuzzy logic and clustering 
The binary logic, for which if an element x belongs to A set can not belong to non-A set, although it has the 
undoubted advantage of simplicity, it is often inadequate to describe the complexity of the real world. To solve 
these problems of analysis and classification, Zadeh (1983) proposed fuzzy sets as an alternative instruments, that 
is those multi-purpose sets characterized by the fact that membership of its components had a varying degree. 
Formally we can state that if X is a space of points (objects) called universe and x a generic element of this one, a 
fuzzy set F in X is characterized by a membership function μF(x) which associates to every point in X a real 
number in the range [0, 1]. The μF(x) values at x represent the degree of membership of x to the F set. 
Fuzzy sets can be manipulated by operations similar to those used in the case of ordinary sets, so the concepts 
of union, intersection and complement of fuzzy sets can be redefined. The fuzzy set is indeed an effective tool to 
represent the inherently imprecise nature of the real world and to design an innovative system for the inference of 
complex phenomena such as perceptual or incidental events.  
In the case of phenomena too complex (for example where the dependencies between variables are nonlinear) 
or poorly defined (because the information available is imprecise) the classical methods are unsuitable. The 
superiority of human reasoning than the mathematician is essentially due to two factors: the tolerance of 
uncertainty and the ability to synthesize, i.e. to extract by a vast amount of information that subset of data needed 
to make a rational decision. In the case of the usual variables, their links are expressed by functions, while for 
linguistic variables links are expressed by fuzzy rules. 
This paper regards fuzzy systems in which input-output mapping is established by some If-Then rules with an 
appropriate fuzzy inference engine that realize the input-output mapping. In function of the rule type, different 
models can be distinguished: linguistic, relational and Takagi-Sugeno. 
In general, the rules have the form: 
If x is A then y is B. 
where 'x is A' is the antecedent part and 'y is B' is the consequent; x and y are defined as fuzzy sets (or 
reference fuzzy sets) on domains X  Rn and Y  Rm respectively. A and B can be constant linguistic terms as 
'low temperature', 'good compaction', etc.  
Very often, when the analyst want to enhance the level of precision of the model, it is necessary to define 
different terms Ai on the domain of one variable and the collection of these fuzzy sets [A1, A2, …, AM] is called a 
fuzzy partition. The number of linguistic terms in the partition is called granularity of the model. 
A and B are in many cases multidimensional fuzzy sets and generally, for a more simple use, the antecedent 
conditions are usually defined in an univariate and decomposed form and are composed by logical operators like 
“and” (conjunction) and “or” (disjunction) as: 
If x1 is A1 and ... and xm is Am then...  
Since in practical applications is necessary to have final crisp values, the procedure have to provide for 
fuzzification and defuzzification steps. 
Usually, the most famous procedure is called fuzzy-mean defuzzification and it is applied to the centroids 
(means) of fuzzy sets Bi: 
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In the Takagi and Sugeno fuzzy model [45], used in our application, the rule antecedents describe fuzzy 
regions in the input space but the consequents inside the rules are represented by hard functions of the model 
inputs: 
If x is Ai then Yi = aiTx + bi 
where ai is a parameter vector and bi is a scalar offset. The parameters of the rule consequents are derived by 
local linearization of a nonlinear function that is to be approximated by the rules.  
The output is deducted as a weighted average of the rule contributions: 
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Where c is the number of rules and PAi is the membership degree of the i-th rule antecedent.  
2.2 The adopted clustering technique 
Clustering techniques are generally used to classify similar objects and, especially, to organize data in 
predetermined groups by identifying hidden structures in the source data [46]. The data submitted for analysis 
originate from physical observations or surveys and each observation consists of n measured features, grouped 
into an n-dimensional vector: > @Tkn2k1kk x...,,x,xx  , nk Rx   (4) 
Therefore, a set of N observations can be represented as a matrix N × n: 
»»
»»
¼
º
««
««
¬
ª
 
Nn2N1N
n22221
n11211
xxx
xxx
xxx
X




 (5) 
A cluster is representative of similar elements with respect to other belonging to another cluster. This 
characteristic is measured in analytical way as the normal distance between the center of the cluster and the data 
that belong to it. In the traditional view of hard clustering, an element of the data set belongs to only one cluster 
without no possibility to belong to another. In the last years, the growth of soft computer techniques, as fuzzy 
logic, has permitted to propose methods in which an object can belong to a number of clusters c simultaneously 
with different membership degrees between 0 and 1. Naturally, the sum of the different membership degrees 
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about the interested clusters must be equal to one. The structure of the partition matrix N × c, then, is the 
following: 
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where c is the number of fuzzy subsets or of clusters. This matrix U=[Pik] is subject to the following 
conditions: > @ Nk1,ci1,1,0ik ddddP  (7) 
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With these premises, the fuzzy partitioning space for X is represented by the set: 
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The i-th column of U contains values of the membership function of the i-th fuzzy subset of X. With reference 
to the equation (5), the sum of each column is 1 and thus the total membership of each xk in X equals one. 
Given the more realistic compliance with the uncertain nature of the variables collected in this paper we have 
used the algorithm called Fuzzy C-means (FCM) instead of other methods referred to hard clustering. This 
procedure regards the minimization of an objective function, termed C-means functional, defined as: 
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Where V is the vector containing the centers of the clusters and m is a weighting exponent >1 that influences 
the fuzzyness of the results: 
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The minimization of the C-means functional J is a problem of nonlinear optimization usually solved through a 
simple Picard iteration through the first-order conditions for stationary points of J equation. 
The stationary points are obtained by applying appropriate constraints (eq. 5) to J through the Lagrange 
multipliers and the setting of the gradients  J  respect to U, V and O to zero: 
  ¦ ¦¦¦
    ¸¸¹
·
¨¨©
§ POP O
N
1k
c
1i
ikk
c
1i
N
1k
2
ikA
m
ik
_
1D)(,V,U;XJ  (13) 
Where the following expression is the squared inner-product distance norm: 
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can minimize J only if: 
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2.3 Validity Measures 
The fuzzy partition deduced with a method as the FCM have to be verified to assure meaningful to the entire 
procedure. Generally, the existent validity measures do not consider the number and the shape of clusters and, 
therefore, the quantification have to be repeated almost with different numbers of clusters. For this reason, we 
have applied the algorithm of the Partition Coefficient (PC) that determines the overlap between clusters for 
different numbers of clusters from 2 to 7 [47]. In the case of the present paper, the partition will be, appropriately, 
divided in two cluster in order to identify good or not good compaction. 
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Where Pij represents the membership of point j to cluster i. 
The optimal number of clusters is reached for the maximum value of PC. 
We have also tested the result with another measure, called Classification Entropy (CE) that, as the former 
equation, measures the fuzzyness of the cluster partition in the following way: 
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 (20) 
With the same meaning of the symbols but, in this case, the optimal number of clusters is reached for the 
minimum value of CE. 
2.4 Fuzzy rules generation approach 
In this paper we have built our fuzzy model basing the identification phase on fuzzy clustering [46, 48, 49]. In 
this procedure the concept of graded membership has been used to represent the degree to which a given object, 
constituted as a vector of features, is similar to some prototypical object. In our application the data set will be 
divided in two clusters (called prototype v1 and v2) and the partition matrix constituted by Pik elements represents 
the membership of all the data with a specific grade to the clusters. After the application of the clustering 
technique, the rules can be obtained by projecting the clusters on the variables of the model. For this reason, the 
shape of the membership functions depend strongly on the distribution of the data around the clusters center 
(Figure 1). 
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Fig. 1 - Interpretation of rules by means of fuzzy clustering in a simplified model. In this case, if X is A1 then Y is B1; If X 
is A2 then Y is B2. 
 
In this case, the state of the system is represented by the Nonlinear AutoRegressive with eXogenous (NARX) 
model [50] that is based on a relationship among previous inputs and outputs and the predicted values: 
))1mk(u...,),k(u),1nk(y),...,k(y(F)1k(yˆ    (21) 
Where k indicates discrete time samples, n and m are integers in function of the order of the system. 
Then, the rules of the Takagi-Sugeno model becomes: 
If y(k) is Ai,1 and … y(k-n+1) is Ai,n And u(k) is Bi,1 and … u(k-m+1) is Bi,m Then 
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Where ai,j, bi,j and ci are the consequent parameters. 
The surveyed inputs u(i) and outputs y(i) are grouped in the regression vector M(k): 
M(k)= [y(k), y(k-1), …, y(k-n+1), u(k), u(k-1), …, u(k-m+1)]T (23) 
The question that must be solved regards the unknown relationship between y(k) and M(k). 
Using a training data set as: > @^ `N...,,2,1k,)k(),1k(yZ  M  (24) 
With N number of observations. 
The prediction model can be represented by the following equation, with the mapping g realized by the fuzzy 
model: 
));k((g)1k(yˆ -M   (25) 
Where the symbol - can be used for tuning the model and includes the rules and the membership functions of 
antecedents and consequents. The correctness of the result can be judged with the parameter J(-) that must be 
minimized and represents the sum of squared differences among the identification data y(k) and the model 
estimate (eq. 25): 
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N
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As it is known, Takagi-Sugeno model approximates the system locally with linear models. In this case it is 
easier to find the membership functions because they describe fuzzy regions where the system output depends on 
the input in a linear way and the consequent part can be estimated using least squares methods. 
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3. Results 
3.1 Application 
The methodology described above has been applied to an execution of a surface asphalt layer regarding the 
construction of a new rural road located near the town of Messina (Italy). The first one of the two lanes was used 
by the workers and the operative vehicles while in the other took place paving. The hot mix asphalt was prepared 
in a plant near to the construction site and this has allowed the preservation of a sufficiently high temperature and, 
consequently, a sufficient period for working. 
Paving occurred with a floating screed, a nominal thickness of 3 cm and a speed of 0.45 km/h. The floating 
screed was immediately followed by a roller with double metallic drum, weight of 11.300 kN, width of 1.950 m, 
which has compacted the material in static mode with a speed of 2 km/h. 
The measures were recorded in 8 sections. The final number of passes is depended on the level of compaction 
achieved and when this result was satisfactory or material temperature was too low, the number of passes was 
stopped. In this way, a database consists of 8 columns (7 input variables and one output), with 72 rows 
(observations), was acquired (partially shown in Table 1). Further 8 observations have been recorded only to 
validate the fuzzy model. 
In the following figures from 2 to 4 are presented some partial results obtained in section no. 1, 2 and 3, easily 
understandable and that show the impossibility to derive from these simple relationships useful indications to 
predict the density of the material. 
 
Fig. 2 – Relationship between Rolling Passes and Density in section 1. The different slope of the three half-lines shows a 
greater difficulty in compaction when the number of rolling passes increases. This is due because the shear strength enhances 
with density but also because the temperature of the material decreases. 
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Fig. 3 – Relationship between Rolling Passes and Density in section 2. The different slope of the three half-lines shows a 
similar behavior with the previous figure, but the angular coefficient and the values are different because of other variables 
that interfere each other. 
 
 
Fig. 4 – Relationship between Rolling Passes and Density in section 3. The same considerations of the previous figure 2 are 
valid. 
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Table 1. Data set regarding only the first twelve observations. 
N Sp Le Ti Pr Pa Wa Te_M J 
1 0,60 60,00 360,00 360,00 0 4,88 152,02 1975,20 
2 2,00 60,00 108,00 468,00 2 5,32 141,20 1998,40 
3 2,00 60,00 108,00 576,00 4 4,96 132,98 1997,20 
4 2,00 60,00 108,00 684,00 6 5,12 123,92 2013,00 
5 0,60 50,00 300,00 300,00 0 5,38 122,74 1971,20 
6 2,00 50,00 90,00 390,00 2 5,50 108,60 2002,80 
7 2,00 50,00 90,00 480,00 4 5,16 100,32 1999,40 
8 2,00 50,00 90,00 570,00 6 5,32 94,74 2026,00 
9 0,60 65,00 390,00 390,00 0 5,20 149,94 1963,40 
10 2,00 65,00 117,00 507,00 2 4,96 132,76 1989,00 
11 2,00 65,00 117,00 624,00 4 4,92 127,10 1999,40 
12 2,00 65,00 117,00 741,00 6 4,78 121,50 2005,20 
… … … … … … … … … 
 
The application of the fuzzy clustering procedure can be schematized in the following phases: 
1. Collection of a data set with 72 observations of which 7 input variables and 1 output variable (Table 1). 
Because of heterogeneity of the units contained in the data set, it was necessary to perform a normalization 
procedure not reported here, given its banality. 
2. Determination of the number of clusters 1< c <N. In this case the first computation was performed with 
c=2 and then was repeated until c=7. 
3. Establishment of the termination tolerance H > 0 (in this case H= 1*10-6).  
4. Initialization of the partition matrix randomly, such that U(0)  M. 
5. Repetition for L = 1; 2; … of the following phases: 
x Computation of the cluster centers: 
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The shape of the clusters is determined by the choice of the particular A in the distance measure (A=I) that 
induces the standard Euclidean norm: 
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The application of the Fuzzy C-Means (FCM) algorithm has returned the structure matrix representing the 
partition matrix U (c u N), the distance matrix containing the square distances between data points and cluster 
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centers 2ikD  (c u N), the cluster centers vi (c u n). Where N= 72 is the number of the observations, c=2 is the 
clusters number and n=7 is the number of input variables (Figures 5, Tables 2 and 3). 
The computation of the PC and CE measures validity was performed in order to determine the optimal number 
of clusters (Table 4) with c= 1, …, 7. 
 
 
Fig. 5 – Membership degree of the 72 observations. 58 out of 72 observations belong to cluster 1 and only 14 out of 72 
observations can certainly be classified as belonging to cluster 2. 
 
Table 2. The distance matrix containing the square distances between data points and cluster centers and regarding only the 
first twelve observations. 
N c1 c2 
1 1,387 0,141 
2 0,504 1,189 
3 0,314 1,248 
4 0,246 1,350 
5 1,296 0,328 
6 0,462 1,256 
7 0,292 1,318 
8 0,263 1,413 
9 1,412 0,151 
10 0,438 1,180 
11 0,264 1,248 
12 0,244 1,355 
… … … 
 
Table 3. Matrix c u n containing the vi cluster centers. 
 Sp Le Ti Pr Pa Wa Te_M 
c1 1,000 0,536 0,148 0,532 0,499 0,135 0,509 
c2 0,033 0,539 0,788 0,268 0,017 0,123 0,846 
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Table 4. PC and CE validity measures in relationship with the number clusters. It is possible to note that c=2 is the optimal 
choice. 
 2 3 4 5 6 7 
PC 0,892 0,737 0,617 0,562 0,519 0,488 
CE 0,205 0,467 0,704 0,823 1,006 1,111 
 
As the above in the section Methods, using the equations 21-26 the data sets detected has allowed the 
construction of membership functions and the two rules (the number is equal to the number of clusters). The only 
subjective choice was that the type of membership function, in this case we used the Gaussian, but other functions 
would give similar results. Table 5 summarizes characteristics of the two membership functions for the seven 
input variables. These functions, for convenience, have been shown graphically in Figures 6-12. 
 
Table 5. Input variables: variance and mean of the membership functions. 
  V P 
Sp 
MF1 0,37080 0,03462 
MF2 0,07375 0,99930 
Le 
MF1 0,11350 0,54110 
MF2 0,26520 0,53540 
Ti 
MF1 0,27430 0,78650 
MF2 0,11580 0,14840 
Pr 
MF1 0,12070 0,27090 
MF2 0,31900 0,53450 
Pa 
MF1 0,18310 0,01643 
MF2 0,48390 0,50040 
Wa 
MF1 0,05948 0,12070 
MF2 0,14030 0,13530 
Te_M 
MF1 0,18810 0,84650 
MF2 0,33710 0,50730 
 
 
Fig. 6 and 7 – Membership functions of the normalized input variables “Speed” and “Length”. 
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Fig. 8 and 9 – Membership functions of the normalized input variables “Time” and “Progressive”. 
 
 
Fig. 10 and 11 – Membership functions of the normalized input variables “Passes” and “Water”. 
 
 
Fig. 12 – Membership functions of the normalized input variable “Material Temperature”. 
 
The mentioned procedure has produced the following rules: 
1. If Speed is MF1 and Length is MF1 and Time is MF1 and Progressive is MF1 and Passes is MF1 and Water 
is MF1 and Material Temperature is MF1 then Density is f(x1). 
2. If Speed is MF2 and Length is MF2 and Time is MF2 and Progressive is MF2 and Passes is MF2 and Water 
is MF2 and Material Temperature is MF2 then Density is f(x2). 
 
The fuzzy model constructed in this way has been tested in 8 different scenarios, not taken into consideration 
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during training and containing the values of density, measured with the PQI equipment (Table 6, column J). The 
fuzzy model, based on input values entered, provided its density values, which can be evaluated by examining the 
Table 6, column Fuzzy. 
 
Table 6. Input and output variables based on the real survey and on the fuzzy model. The last column is relative to the 
percentage difference between real and simulated survey. 
Sp Le Ti Pr Pa Wa Te_M J  Fuzzy ' 
1,000 0,583 0,159 0,396 0,200 0,191 0,790 0,770 0,673 12,5% 
1,000 0,500 0,136 0,577 0,600 0,090 0,417 0,841 0,742 11,7% 
1,000 0,500 0,136 0,357 0,200 0,071 0,624 0,553 0,620 -12,1% 
1,000 0,567 0,155 0,741 0,800 0,000 0,261 0,818 0,767 6,2% 
0,000 0,750 1,000 0,338 0,000 0,086 0,678 0,049 0,055 -13,2% 
1,000 0,500 0,136 0,357 0,200 0,066 0,554 0,570 0,608 -6,6% 
1,000 0,633 0,173 0,670 0,600 0,097 0,377 0,695 0,731 -5,2% 
1,000 0,633 0,173 0,795 0,800 0,157 0,329 0,808 0,818 -1,2% 
4. Discussion 
In this paper the authors have deliberately avoided to deal with physical and rheological aspects involved in the 
compaction phenomenon in order to emphasize the generality of the procedure, really applicable in the most 
different scenarios. 
Figures 2, 3 and 4 represent the trend of density versus rolling passes in the section no. 1, 2 and 3. Therefore, 
they are indicative only of a small part of the experiment but their inclusion in this paper serves to highlight the 
limits of this information. It can be seen, in fact, that the absolute value and the slope of the lines is different from 
section to section. In fact, the density also depends on other factors (temperature of the material, waiting times, 
etc.) that must be taken into account by the analyst and should be part of the prediction model. The knowledge of 
a simple relationship between two variables, even if so important, is of little utility for the executor and does not 
provide any help in making decisions strategy.  
About the input and output features (Table 1), in function of the available information, the proposed procedure 
permits to increase the dimension of the data base if the instruments consent to record more variables or to 
enhance the frequency of the survey.  
The number of the input variables, their uncertainty and variability have addressed the analysis of the data set 
by fuzzy clustering techniques. In fact, we want to know whether a certain scenario will lead to an acceptable 
value of density, but we also want to know how much this value is satisfactory (the distance from the cluster 
center). And the hard clustering methods, such as K-means or K-medoid, do not answer this question. Instead, 
with a fuzzy approach, as the Fuzzy C-means, it is possible to quantify numerically the membership for all 
clusters (Figure 5) and investigate the role of potential borderline situations without inducing the analyst to 
simplistic conclusions.  
In the case of this application (Figure 5), 14 out of 72 observations belong to the cluster 2 (precisely with 
density values ranging from 1865 to 1975 kg/m3), representative of low density material and with a very marked 
membership, while the other observations belong to the first cluster (58 out of 72 observations with densities 
ranging from 1976 to 2026 kg/m3). This sharp separation could lead the analyst to consider only hard techniques 
that should lead to the same macroscopic results. In our opinion, however, a fuzzy procedure is always preferable 
for this type of application, at least for two reasons: 1) the clear membership to one of the two clusters is occurred 
in this application but not necessarily it will be repeated with another data set recorded under different conditions; 
2) the reliability of the result could be deducted by means of the membership degree. If treated with an hard 
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process, this critical aspect would be lost. 
Regarding the number of clusters, the authors have opted to split the data into two subsets: one for acceptable 
values of density and the second in which this condition is not reached. This choice was driven by the use that the 
analyst must do for this type of application: deciding whether some conditions should be corrected or not. But the 
data distribution could indicate also a different classification. To explore this possibility we have quantified a 
measure of validity through the PC and CE indices, varying the number of clusters from 2 to 7 (Table 4). The 
results obtained have indicated, however, that the choice of c = 2 is optimal (high values of PC and low values of 
CE). 
These considerations may already be interesting, but the proposed procedure has further potential. The most 
interesting aspect concerns the preparation of a prediction model. In fact, the results from the fuzzy clustering can 
be used to calibrate the membership functions and the fuzzy rules of a model. The role of the analyst becomes, 
therefore, very marginal and the procedure can assume character of great generality.  
In order to verify the model performance, 8 observations, initially not taken into account in the earlier stages of 
processing, have been analyzed. Within the fuzzy model the seven input variables were included and the crisp 
output density values have been extracted. These were compared with the real values measured by the electrical 
impedance instrument and the differences reported in the last column of Table 6. These values are normalized 
and, therefore, are not easily related to the density of the material. For this reason we have decided to include the 
last column with the percentage differences. In this regard, we believe that the deviations between model 
prediction and actual measurement are acceptable: in fact, they range from a minimum of 1.2% to a maximum of 
13.2%. This may be sufficient to advice the executor about scenarios and conditions (in terms of characteristics of 
the roller, temperature of the material, rolling times, rolling passes, etc.) that can lead, with such uncertainty, to a 
compaction not satisfactory. We also believe that these differences can be further reduced by expanding the data 
set in terms of number of observations, either by increasing the number of input variables. 
5. Conclusions 
The features that influence the compaction are numerous and extremely variable. For this reason, the executor 
is strongly interested to evaluate the impact of this variables on the final result with procedures as simple as 
possible. Furthermore, the correlations between these variables and the type of these links (linear or not) are 
complicated to understand and to use for a predictive model. 
On the contrary, the purely theoretical control of the phenomenon (for example with a rheological model) is, in 
our opinion, very dangerous. Even if the model is really accurate, the calibration of the rheological properties of 
all components must be done with great care and a minimum imprecision leads to unreliable final results. 
If the problem is addressed in a traditional manner, it is opportune the predisposition of laying tests, 
characterized by different conditions, from which some cores will be extracted and sent to the laboratory. The test 
on cores provides a measure of the correctness of the methodology followed. However, these activities are carried 
out in a couple of days and if the boundary conditions change (air temperature and material, paving surfaces, 
humidity, etc.) it can be possible that the expected results can not be achieved. 
Therefore we need a procedure, perhaps analytically less sophisticated respect to the complex rheological 
models already existing in literature, but that using the data originating also by a non-nuclear density gauge, 
provide realistic prediction in a very short time. The application of fuzzy clustering techniques has permitted not 
only to extract useful information from the data set collected in order to classify the observations in the proper 
way. But also to build in a objective manner a prediction fuzzy model in which the membership function and the 
rules have been tuned by the clustering technique. This result allows to pay attention to particular features so that 
to address in the best way the operative phase in accord with the prescription required by the design. But, 
especially, this methodology can prevent laying tests that, in the sections where the desired density do not achieve 
a minimal value, must be demolished. Again, execution costs and time are more contained because it is no longer 
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necessary to use laboratory tests with the same frequency. But, above all, it is possible to recognize, for that 
specific scenario, the most sensitive variables. 
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